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We to Barra Horizon.

In this issue, we conclude our series focusing on the Barra Integrated Model with a
discussion of the equity portion of the model, BIMe. The power and flexibility of BIM is
demonstrated in a case study relying on Citigroup Asset Management's experience with
the model in Barra TotalRisk®.

e e 7

We continue our exploration of credit and the growth of markets for new credit
derivatives. Tim Backshall investigates the risks and rewards of trading in credit default
swaps for managers who have traditionally been limited by mandate to cash-credit only
policies. Also, the latest in Barra research is showcased in Vijay Poduri’s Introduction to
the Barra Default Probability Model.

This issue introduces a section highlighting recent publications by Barra’s research group.
For further reading, a searchable database containing these articles and many others is
available at http://www.barra.com/research.

As always, we offer the solution to the last issue's Barra Brainteaser plus a new challenge
for our readers, as well as the pullout calendar section, which contains a complete listing
of Barra's forthcoming educational events and industry conference participation.

Barra Horizon is also available on the web at http://www.barra.com/horizon.

ik

Aamir Sheikh, President, Barra Inc.
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Introduction
to the

n the last few years, credit risk has become a
critical consideration for investment profession-
als. Spectacular defaults, both by corporations
and sovereign debtors, have focussed a great
deal of popular attention on credit risk. As a
result, there is an increased demand for good

quantitative models to assess credit risk.

At Barra, we have developed a credit risk
model for corporate issuers of debt. One basic
goal of our model is to forecast the default
probability for firms that have publicly traded
equity in addition to debt. Initial statistical tests
indicate that the Barra Default Probability (BDP)
model performs significantly better than an
agency-ratings based system. In this article, we
will give a brief outline of the model and the

statistical testing.

Until recently, there have been two standard
approaches to default probability: structural
models and reduced-form models. Structural
models attempt to relate the default probability
to the capital structure of the firm—the mix of
equity and debt or, equivalently, the relative
valuation of assets and liabilities. Reduced-
form models remain silent about the cause

of default and model the statistical properties
of the default event itself via Poisson-type

distributions.

INSIGHTS

A new class of recently developed models intro-
duces the notion of incomplete information [1,
2]. This class of models contains both traditional
structural and reduced-form models as special
cases [2, 3]. The Barra Default Probability model

is a specific instance of such a model.

We turn to a brief description of structural
models in order to motivate the discussion and

introduce several useful concepts.

Structural Models

Merton [4] initiated the option-theoretical
approach to credit risk by developing a model
for valuing corporate liabilities in 1974, soon
after the development of the Black-Scholes
equation for the valuation of equity options.
Merton's goal was to develop a theory for the
prices of bonds when the probability of default

by the issuer was significant.

To understand the Merton model, we start with

the fundamental accounting equation
Shareholders’ Equity = Assets — Liabilities.

If we think of this equation as being valid for
market values as well and our goal is to arrive
at an implied market value of the liabilities, we
encounter a difficulty—a firm’s assets are not

traded. The value of a firm, defined as the



Equity holder’s payoff

market value of its assets, can only be inferred
indirectly from additional information. This
additional information comes from Merton'’s
novel insight in this context, which is that equity
can be viewed as an option with the underlying

asset being the firm value.

Figure 1 shows the payoff at the maturity of the
debt for the equity holder. Here D is the face
value of the debt. Since bondholders have to
be paid off first before equity holders receive
anything, the payoff is non-zero only if the firm
value at debt maturity is higher than the value
of the debt. This payoff diagram is identical to
that of a European call option on a stock, with
the price of the stock corresponding to the firm
value and the exercise price to the face value of
the debt.

Payoff

D

Firm Value

In the Black-Scholes model for option valuation,
it is assumed that the stock price follows geo-
metric Brownian motion. Merton made the

same assumption for the firm value:

%¥=um+adw

Here, u is the rate of growth of the firm value
V and o is the volatility of the firm value. The
randomness in the firm value arises from W,
which is a Wiener process. The solution to this
equation is

_ mt+o W
V.=Ve

INSIGHTS

where
OZ
m=p-— and V, is the firm value at t = 0.

Figure 2 shows us the details of the Merton
model for firm default. In this picture, the
capital structure is simplified and it is assumed
that the firm has a single type of bond of face
value D maturing at time T. One possible path
for the firm value, which evolves according to
Equation 1, is shown in the figure. Default can

occur only at time T and it occurs only if V; <D.

Having specified the stochastic process for the
firm value, we can calculate the distribution of
firm values at time T since the terminal value W;
of the Wiener process has a normal distribution
with mean zero and variance T. The default
probability turns out to be
_In(D/ve) = mT

P[V; <D]=P o

W,

[ In(D/V,)-mT)

T

-

where @ is the cumulative normal distribution
function. One important thing to note is that
the default probability depends on the ratio
L=D/V, and not on the debt and asset values
separately. We call this ratio the leverage ratio.'

The Merton Model

! There are several slightly different definitions of leverage that are in common use in finance, so we specify ours here.
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First-Passage Models

Defaults rarely occur exactly on the date of
debt maturity, so the model can be made more
realistic by allowing default to occur before
then. Black and Cox [5] introduced the idea
that the time of default could be defined by
the very first time that the firm value falls below
the debt level (i.e., the time of first passage).
This means that the time of default T is given
by

T= min{s:\/s = D}-

Thus, the particular path shown in Figure 2
would count as a defaulting path in a first pas-
sage model, but as a non-defaulting path in a

Merton model.

Given this definition of a default event and
time, we have

Plr=T]= P[mi¢ v, <D]

s =

= P[min Ve s D]

s=sT

F’[min (ms + O‘VVS) =< In(D/ VO)].

s=T

Let X, = /n(\/t/Vo) =mt+oW, and M, = min_(X,).

Then we can write
Plz<T]=P[M, <in(D/v,)]

Thus, default occurs if the asset process mini-
mum breaches the barrier set by the log of the

leverage ratio.

The BDP Model

The BDP model belongs to a class of incom-
plete information models described by Kay
Giesecke [2]. In this class of models, the un-
certainty around publicly available information
about the assets and liabilities of firms is a

crucial component.

In the BDP model, the firm value evolves accord-

ing to a geometric Brownian motion process, as

INSIGHTS

in the Merton and Black-Cox models. Default
occurs when the firm value becomes less than
a default barrier for the first time. The default
barrier D, is distinct from the debt and is
assumed to be a random variable with a known,
constant distribution function. The distribution
of possible default values allows us to capture
the uncertainty in the publicly available infor-
mation about the firm. The default barrier may
be thought of as a generalization of the debt
level—in the Merton model the debt level is
the default barrier and in the Black-Cox model

it is a given deterministic function.

Modeling the default barrier as a random vari-
able is justified by two considerations. First,
investors generally have incomplete information
about the true liabilities of the firm due to out-
of-date balance sheet information, off-balance-
sheet financing or misleading or fraudulent
accounting practices. Secondly, even if the
firm’s liabilities were known with a high degree
of certainty, the default barrier might still be
uncertain, since the firm's management may
choose to default for reasons that may include
cash-flow problems or attempts to optimize
shareholder wealth by choosing the timing of

default.

Figure 3 is a schematic representation of the
model. It shows one possible pathV, starting at
time t=0. The curve with its base on the vertical
axis represents the probability density function
for the default barrier D, and the shaded area
represents the probability of the time T mini-

mum being below the barrier.

To arrive at the default probability, let us begin
by considering a fixed realization w, of the sto-
chastic firm value process, as in Figure 3. Since
the default time is defined by a first passage
criterion, the probability of default is depend-
ent upon the asset process minimum, as in
Equation 5. In this realization of the firm value

process, the asset minimum is a function of



The BDP Model

time only and

P[MMO <In(D, )V, )] - P[In(DB/Vo) = 'V’T,mo]

- 1—G(Mmo).

Here, G(.) denotes the distribution function of
In(DB/VO) and is obtained from a transformation
of the assumed distribution function for the

default barrier D;.

The default probability is an expectation over
all possible realizations of the stochastic firm
value process. This means that

Plr=T]=1-E[G(M,)]

where the expectation is over the distribution
of M;.

Implementation of the Model

We choose the Beta distribution for the default
barrier D,. This distribution has the density

function

F(a + [3)

. (x)= Wx””(%x)fm Osxs

0 otherwise

where a, f are positive and F() denotes the

gamma function. The mean u, and variance

o’ of this two-parameter distribution are
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a a
%R h
a+p

(a+ﬂ)2(a+ﬂ+1).

The variance of the distribution is a parameter

Uy

that can be set by the user subject to the Beta
distribution constraint 0% = u, — t%. It indicates
the user’s perception of the uncertainty in the

default level.

To use this distribution in the form given above,
we need to scale the possible values of the
default barrier by its maximum value D, . This
constrains the values to the interval [0,1] on

which the Beta distribution is defined.

In order to estimate the default barrier upper
bound, we start by requiring that D, ,, =V;. This
assumption is reasonable since we are about to
model a firm that has not defaulted yet. Next,
we look at a history of the firm’s leverage ratio.
Setting t = 0 to be the day for which the BDP
forecast is being made, we define the maximum

historical leverage L,

s

L,..=max

s=<0
s

where D, is the debt and V| the firm value
computed for day s. The upper bound of the
default barrier distribution D, _, is

where D, is the debt value for t = 0.

An important thing to note is that if the current
leverage ratio L, is the historical maximum then
D,..=V,.In other words, the default barrier
distribution has its upper limit right at the firm
value. This proximity of the firm value to the
distribution of the default barrier results in
higher default probabilities than forecast by
either the traditional Merton or first-passage

models.

Our calculations indicate that for most firms, a
six-month history of leverage ratios is adequate

to determine the maximum value of the barrier.
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To calculate default probabilities, the inputs
needed are the firm value V, at time t = 0, the
growth rate u, volatility o of the firm value
process and the parameters of the default

barrier distribution u, and o,.

Sharp falls in the market capitalization and the
high equity volatility of troubled firms lead to
higher default probabilities in structural models.

Using a history of leverage ratios allows the BDP
model to react early to signs of financial distress.

Treating the firm's equity as an option on the
value of the firm as in the Merton model
enables us to derive two nonlinear equations
for the equity and its volatility? Using the
market price of the firm's stock and a Barra
equity risk forecast for its volatility, we solve
these equations for the unknown quantities,
namely V; and 0. We currently set the growth

rate of assets to the risk-free rate.

The model described above leaves the param-
eters of the default barrier distribution function
unspecified. This gives users the freedom to
incorporate their information about the firm
into the default probability calculation. In our
implementation, we make some plausible
choices by using the short-term and long-
term debt numbers reported by firms on their

balance sheets.

Since the model assumes that there is one
class of debt, we define the equivalent debt for
the horizon Tto be (D, +D;; Je™ where D, is
the short-term and D,; is the long-term debt
and € is the compounding factor for the given
time horizon. We set uyto the equivalent debt
scaled by D, and o7 = (,uX - ,uf()/10.

2 The volatility equation comes from an application of Ito’s lemma.

INSIGHTS

Testing the BDP Model

We have examined several cases of distressed
companies and looked at the forecasts of the
BDP model. These include the infamous bank-
ruptcies of Enron and WorldCom. Like other
default probability models based on publicly
available information, the BDP model fails to
detect accounting fraud. However, based on
these cases, we have noticed that it does

react earlier than traditional structural models
in forecasting higher default probabilities.
Primarily, sharp falls in the market capitalization
and the high equity volatility of troubled firms
lead to higher default probabilities in structural
models. Using a history of leverage ratios allows
the BDP model to react early to signs of financial

distress.

Ultimately, the effectiveness of a model has to

be based on statistical testing. We have used a
database of historical default events available

from Moody’s Investors Service to test the BDP
forecasts. The standard technique employed for
testing binary-outcome forecasting procedures
is that of receiver operating characteristic (ROC)

curves.

Consider two populations: P, consisting of firms
that have defaulted during a given period and
P, consisting of firms that have not. Let the size
of these two populations be Ny and N, respec-
tively. Let n(d,P,) be the number of members

in population P for which our model forecast is
"default.” This forecast is obtained by using a
cutoff value to convert the default probability
generated by the model. The binary forecast is
“default” if the firm’'s default probability is great-
er than or equal to the cutoff and “no default”

otherwise. For each choice of cutoff, we obtain:



An ROC Curve

ROC Curves for

Historical Defaults

.« TP=n(d,P)/N,, the fraction of true positives

. FP=n(d,P,)/N_, the fraction of false posi-
tives.

We can make a plot of TP versus FP as we vary
the cutoff value. This constitutes the ROC curve

for the model. A hypothetical example is shown

INSIGHTS

The diagonal line in the figure represents the
ROC curve for a worst-case model, which de-
cides the forecast based on a coin-toss. The
area between the curve for a model and the
diagonal line measures the effectiveness of the
model. Note that we can judge the relative

efficacy of other models by testing them on

in Figure 4.
the same populations and comparing their
ROC curves.
Posives 11
x We have generated ROC curves for the BDP
’."‘ model over the years 1999-2002. Our focus was
“.". on US domiciled firms®. We chose a 1-year
.."’ horizon for this testing. For a given year, P,
‘.."’ becomes the set of firms in the database that
‘."’ defaulted in the course of that year. We chose
‘,o"‘ P, to be the set of non-defaulting firms for which
‘."’ a Moody's senior debt rating was available.
‘x”‘ The same kind of analysis can be repeated with
‘."0 Moody's ratings. The cutoff values now become
0.0 False Positives the various possible ratings. Figure 5 shows
the two curves® on the same graph to give us
True
Positives
1.00
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—&— Moody's ratings

% Those firms, excluding financials, that we could map to our equities databases.

* The aggregate numbers of defaulting and non-defaulting firms on the basis of which these curves were generated was 83 and 729

respectively.
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a rough comparison. The solid lines through
the points are meant as guides to the eye,
since limited data availability prevents us from
mapping the BDP curve accurately over the
whole range. Also, since Moody’s ratings
provide us with only 21 categories, the ratings

ROC curve can never have more than 21 points.

These curves indicate that the BDP model is a
significantly better default-forecasting method
since it generally yields higher true positive
fractions (thus catching more of the defaults)
while simultaneously achieving lower false
positive fractions (thus resulting in fewer false
alarms). Investors can use the ROC curve to
select an operating point, which is the cutoff
probability from which a given (TP, FP) point
was generated. The operating point converts
the BDP model into a binary-outcome forecast-
ing tool attuned to the investor's aversion to

false positives.

Testing and further development of the BDP
model is an ongoing research effort at Barra.
We are currently working on improvements to
the basic model, extensions to markets outside
the US and on the implications of the model for

prices of default-contingent securities.

INSIGHTS
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Improving

Performance
Credit Default Swaps

with

-|:e credit default swap (CDS) market is one of
the purest and most responsive indicators of
corporate financial health. Since the release of
ISDA’s “Master Agreement,” CDS transactions
have become simpler and CDS markets have
become available to a whole new universe of
investors. As Goldman Sachs expressed in a
bulletin published in May 2001: “...use of default
swaps will increasingly become a necessary
component of any successful portfolio man-
agement strategy.” The purpose of this article
is to illuminate the structure of these new
instruments and to highlight their potential for

credit asset managers.

Credit default swaps originated as a means to
provide simple insurance to lenders. However,
they have evolved into actively traded securities
and building blocks of structured instruments
such as collateralized debt obligations, credit
linked notes and first-to-default baskets. As we
discuss below, they offer a great deal of infor-
mation that can be profitably used by asset

managers.

We offer five tactical uses for CDS in the credit
investment process. Taken together, they pro-
vide fixed income managers with new oppor-

tunities and means to enhance performance.

We start with a brief introduction to the issues
facing credit asset managers and then continue
to discuss five tactical uses for CDS in the invest-
ment process. We follow with a general health
warning that provides some insight into pitfalls
commonly associated with CDS, and conclude
with some practical suggestions and a look into

the future of credit derivative engineering.

Five Uses of CDS

Active management of cash credit portfolios
produces significantly less return than investors'’
views of the credit asset class would have us
believe. There are a number of reasons for this,

including:

A manager who wants to take a long position
cannot find enough of the bond to buy in the
secondary market, receives insufficient alloca-
tions in the primary market, or else finds himself

constrained by his own risk limits.

A manager who wants to go short cannot find
bonds to repo, and hence is constrained by his
benchmark weightings. But these are usually
too small to allow capitalization on the analyst's
views. Further, the problem becomes worse

with increased diversification.
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Finally, when a manager shifts allocations, he
can seldom shift enough to have a meaningful
short- term impact. The shift becomes a tele-
graph for the rest of the cash market that
demand and supply are changing.

Therefore, a “cash credit only” mandate
severely constrains a manager’s ability to out-
perform. The following five tactical applications

of CDS can make a big difference.
1. Bi-Directional Trading in Credit

A manager can go short or long credit exposure
to an entity synthetically by trading protection
on a name through a credit default swap. Initial
concerns about whether CDS would provide
the protection they promised in the case of a
default have been allayed by numerous recent
examples such as Swissair and Railtrack. These
examples, and the similarities between CDS and
bond spreads, impel more and more managers

to consider substituting CDS for bonds.

CDS have several advantages for portfolio

managers over the cash market.

= A broader range of names can be traded
(including names that have debt outstanding
only in foreign currencies). This makes it

easier to build diversified portfolios.

= It tends to be easier to find liquidity in CDS
because any dealer can make a market with-
out having bonds to trade. This supports
larger trades: a standard CDS trade size is

around $10mm.

= An investor can choose his maturity. Although
liquidity is greatest around five years, an
investor can buy short maturities for their

better breakevens.

= An investor can just as easily go short (buy-
ing protection) as long (selling protection),

because there is no need to borrow bonds

INSIGHTS

on repo. As such, it is much easier to build
a balanced portfolio of longs and shorts.
Thus, the asymmetric return distribution works

in an investor's favor when he is bearish.

= CDS provide much more leverage than cash
positions. This funded/non-funded advantage
is of great use to the typical hedge fund and
may become more useful to traditional asset
managers as mandated restrictions are

relaxed.

Not all portfolio managers are allowed to use
CDS. Increasingly, however, managers are per-
suading their investors in favor of CDS. Some
start by wrapping CDS positions into a bond-
like structure called a “credit-linked note” (CLN).
Others start running dummy CDS portfolios to
show their managers and investors the advan-
tages. But all are realizing the competitive dis-

advantage they face if restricted to cash only.

2. Default Timing Risk

When a credit is sufficiently distressed, the CDS
market stops behaving as a tool for quantifying
and transferring likelihood of default risk. It
becomes a measure of the timing of the default
event itself. A simple example illustrates the

difference.

Suppose Company ABC is found to be involved
in an accounting fraud. The result is broad
uncertainty about the actual level of the com-
pany’s liabilities. The market’s view and most
importantly, your analyst’s, is that ABC will

definitely default within the next five years.
The Five-Year CDS for ABC is trading at 2000bp.

Given the company’s sector and quality, the
market's expectation is that the bondholder will
recover 50% of the company value in the event

of default.

So, for a $10mm position, we would pay $2mm



Figure 1

CDS-Implied Time to Default for

various recovery assumptions

per annum ($0.5mm per quarter) for default
protection, ignoring discounting, over five
years to receive an expected $5mm in the

event of default.

Hence, the market's expectation, conditional
on the recovery expectation, is that ABC will de-

fault within ten quarters, or two and a half years.

A credit analyst could arrive at a view of the
default timing by understanding the cash-flow
and reserves left to meet debt demands and
may feel that default is definitely going to occur

within five years but not before three years.

In this case, the manager should sell the CDS,
contrary to his belief in the “guaranteed”
nature of the default, to take advantage of the

premium payments until default. By selling the

INSIGHTS

CDS, he can gather the premiums and, as long
as the company defaults after two and a half
years, then a significant profit can be made.
Figure 1 shows the CDS-Implied default time
across the x-axis versus the CDS premium on
the y-axis. This is illustrated for a number of
different recovery assumptions. The company
ABC example is highlighted and it is clear that
as the expected recovery in the event of
default increases then the implied default time

increases for a given CDS premium.

This situation has been regularly seen over the
past few years, notably among Latin American
Sovereigns. Here, an asset manager with a
strong fundamental analyst group can further
capitalize on its views by using default timing

risk as a diversifying trade within a portfolio.

CDS Premium
(bp per annum)
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3. Basis Trading

Both Efficient Market Theory and the status

of asset swaps (ASW) as a benchmark in CDS
pricing indicate that an asset swap spread
should approximately equal the CDS rate for

a given name. This is, however, the exception
rather than the rule in credit markets. Table 1
highlights the state of the market for a few
selected names as of August 2003. Most names
trade at a positive basis and most investment

banks trade at a negative basis.

Asset Swap
Reference CDS Spread
Credit Spread (LIBOR) Basis
Financials (Sen)
JP Morgan Chase (USD) 39.5 54.0 -14.5
Goldman Sachs (USD) 42.0 58.0 -16.0
Commerzbank (EUR) 50.5 35.8 +14.7
HBOS (EUR) 16.0 252 -9.2
T™MT
AT&T (USD) 144.0 134.5 +9.5
IBM (USD) 30.4 1.5 +18.9
Deutsche Telekom (EUR) 80.5 94.4 -13.9
Telefonica (EUR) 435 37.2 +6.3
Utilities
Waste Management (USD)  105.0 80.4 +24.6
EDF (USD) 48.0 24.4 +23.6
E.ON (EUR) 38.0 1.4 +26.6
RWE (EUR) 49.0 40.2 +8.8

The difference between the CDS rate and the
asset swap spread is known as the Cash-CDS
basis’, or simply the basis. The basis exists for a
number of reasons that can be divided into two

classes—fundamental and technical factors.

should be taken into account.

~
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Fundamental factors, based on market condi-
tions and contractual issues, include liquidity,
differences in market participants, difficulties
in the repo market, and systemic market issues
such as the crossover market (BBB/BB rated
debt) where market participants are mandated

not to hold assets.

Technical factors, based on pricing and arbitrage
issues, include delivery options on default?,
counterparty risk differentials and bonds trading
above or below par. These will skew the asset
swap to CDS comparison, create a smile effect
from funding cost asymmetries across high and
low rated reference assets?, and generate tech-

nical defaults in the CDS market.

These factors pull and push the basis from
negative to positive. However, the biggest
driver of the basis is the technical difference

between the payoffs of each instrument.

A positive basis means that the default risk of
a specific name is priced higher in the CDS
market than in the bond market. In the GE
example below, the CDS market views the

default risk to be much higher.

In Figure 2, the green area indicates the positive
basis. This indicates that potential protection
sellers in the GE CDS market demand a high
premium, while there are investors in the bond
market who are willing to pay a higher price
(i.e., receive a low asset swap spread and a
lower compensation for the embedded default
risk) for GE bonds.

For clarity, the basis is defined as the CDS rate—Asset Swap spread, and in practical terms the bid and offer side of each market

The delivery option is similar to the cheapest-to-deliver option in US Treasury Futures arbitrage. In a CDS, the delivery of a specific

reference bond in the event of physical settlement is in the hands of the protection seller, and therefore they will choose the bond

with the lowest cost to deliver.

If one views the basis grouped by Agency Rating of reference credit, a pronounced smile is seen—this is due to the differences in

funding costs in the asset swap market for highly rated names (i.e. sub-LIBOR) versus the buyer of protection on the highly rated

name paying above LIBOR.



Figure 2

Cash-CDS basis history for
General Electric (5-year USD)

Source: Barra Credit

Figure 3

Cash-CDS basis history for
Goldman Sachs (5-year USD)

Source: Barra Credit
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In contrast to the rest of the market, most major
US investment banks trade with a significant
negative basis. This is primarily because invest-
ment banks can fund sub-LIBOR.

Figure 3 shows Goldman Sachs with a system-
atically negative basis, meaning that the CDS
market views the default risk to be much lower.
Potential protection sellers in the Goldman
Sachs CDS market will accept a lower premium,
while other investors in the bond market are
only willing to pay a lower price (i.e., receive a
higher asset swap spread and therefore
demand more compensation for the embed-
ded default risk) for Goldman Sachs bonds.

Investors who take on GE risk in the bond mar-
ket at the current prices are either unaware of

the CDS market or unable to participate in it.

The basis represents a significant opportunity
for credit asset managers to generate additional
returns by leveraging existing research and
analytic skills. On a market-wide scale, the basis
is dramatically uncorrelated with both the equity
and fixed income asset classes. It provides

return while efficiently diversifying risk.

4. Trading Signal

The credit default swap market is recognized
as one of the most responsive financial indica-
tors. In some cases, it foreshadows the equity
markets. From Ahold to WorldCom, the CDS
market has priced concerns ahead of other

asset classes.

The use of the CDS market in quantifying
opportunities and threats in the credit markets
falls into three broad categories. These are:

«» A leading indicator of creditworthiness

= Fair value misalignment

INSIGHTS

= Significant basis changes

Taken together these three types of CDS signals
provide depth of understanding into market

perceptions of credit.

Leading Indicator

The CDS market often leads the bond market
into rally and crisis. Figure 4 illustrates the CDS
market leading the bond market by roughly
three months in June of 2002. Commerzbank
was in crisis over a large number of loan provi-
sions and disappointing results. The CDS market
reacted more quickly to the information than

the bond market.

A recent paper by Hull, Predescu and White
(2003)* provides some interesting academic
results on the CDS market. Their conclusion
states that: “CDS spread changes tend to
anticipate negative rating announcements.
This is particularly true when extreme declines
in credit quality happen within a short period
of time. Either credit spread changes or credit
spread levels provide helpful information in
estimating the probability of negative credit
rating changes. We find that 50.6% of down-
grades, 41.9% of all reviews for downgrade and
54.5 % of negative outlooks come from the top

quartile of credit default swap changes.”

These are significant findings and lead to the
possibility of CDS spread analysis within many
areas of the asset management firm, including
equity research and signal generation. Of
course, the spread is not the only indication

of potential opportunities within the credit
markets. As more credit market participants
use CDS spreads as their credit benchmark, fair
value curve misalignments between bonds and

CDS occur frequently.

* Hull, John, Mirela Predescu and Alan White (2003), “The Relationship between CDS spreads, Bond Yields, and Credit Rating
Announcements”, Working Paper, http://www.rotman.utoronto.ca/~hull/DownloadablePublications/HPWPaperonCDSSpreads.pdf



Commerzbank 5-year CDS rate

and asset swap spread history

Source: Barra Credit
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Fair Value Misalignment

When interpreting issuer-level spread curves, it
is important to account for all sources of credit
risky assets. In Figure 5, the 2-year and 5-year
CDS are trading in line with the fair value
spread curve but the 3- and 4-year CDS trade
systematically cheap to the curve. This kind of
mispricing is often due to concern about liquid-
ity and risk premia.® These large misalignments

provide opportunities for arbitrageurs.

It is misalignments like this that produce sig-
nificant changes in the basis of varying maturity
CDS. These basis changes can be dramatic, as
market participants pour in to take advantage,
and provide significant insight into differing

perspectives within the credit markets.

Basis Changes

As discussed above, the basis is an important
part of the CDS market, providing participants
with a benchmark from which to price CDS.
Analyzing the basis for significant changes

often highlights opportunities.

A systematic basis shift is often a precursor to
changes in the cash and derivative markets. As
seen in Figure 6, Merrill Lynch in the US had a
long-term positive basis that swung dramatically
negative in the fall of 2002 and remained there.
CDS market sentiment had swung from a higher
probability of default than the cash market to

a lower one. It may not be possible to deduce
the reason for the change in market percep-
tions. However, the reason for the change is
much less important than the change itself and

the opportunity it represents.

® See http://www.barra.com/support/library/credit/market_price_of_credit_risk.pdf for a detailed discussion of credit risk premia.
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Figure 6

Cash-CDS basis history for
Merrill Lynch (5-year USD)

Source: Barra Credit
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5. Building Blocks

Credit default swaps are building blocks for an
ever-growing number of instruments designed
to improve risk-return characteristics or to

increase liquidity in the global credit markets.

The earliest use of CDS as a building block was
as a yield enhancer for vanilla bonds, resulting
in compound instruments known as Credit
Linked Notes (CLN). These are commonplace in
Europe’s capital markets. A CLN can increase
return either from a rating downgrade or from
a significant spread widening. The embedded
CDS provides some coverage for the increase

in credit risk of the bond's issuer.

CLNs are often used to disguise CDS exposure,
allowing traditional asset managers to circum-
vent restricted mandates. The importance of
this may diminish as benchmark providers
recognize the advantages of CDS, leading to

changes in index construction methods.

Index Construction

CDS facilitate the construction of baskets and
indices that trade as liquid instruments. These
baskets allow managers to move quickly from
long to short in credit and vice versa. There are
quite a few index structures and all of them
have exotic acronyms such as JECI, TRAINS,
TRAC-X, CINDI, and LOD. Some baskets are
based on cash bonds, though it tends to be

harder to short them.

In choosing a basket, an investor’s principal
concerns are transaction costs, liquidity and
diversification. Most baskets have guaranteed
bid-offer spreads in significant size, allowing
even the largest asset managers to build highly
diverse credit portfolios quickly. The main ben-

efits of using CDS to construct indices include:

INSIGHTS

« The lack of constraints due to outstanding
amounts of bonds

= The ability to constrain the maximum
weighting of individual names

= A broad selection of names

These are all absent in cash-based indexes.
The market is signaling a preference for CDS-
based indexes to manage against or total

return mandates in credit.

The increase in total return mandates has led
investors to take advantage of traditionally
tricky areas of investment such as the crossover
market. Here, typical fixed income asset man-
agers are mandated to drop fallen angels or
rising stars based on investor appetite. The
Collateralized Debt Obligation (CDO) market
has provided a perfect area for the total return
mandated investor to rest his money (even
though recent downgrades in HY CDO have

dampened spirits somewhat).

Increasingly, CDOs are constructed from
synthetic exposures to credit rather than the
underlying cash credits, generating the
Collateralized Synthetic Obligation (CSO). The
CSO market adds to the liquidity and volume
of the CDS market. CSOs allow an investor to
take advantage of apparent mispricing of lig-
uidity in the crossover credit market and garner
increased returns with little perceived increase
in risk. Further, through the use of CSOs, specif-
ically the more standardized TRAC-X tranches,
managers now have a liquid means of trading

correlation®.

Arbitrage Enhancements

Without CDS, the credit risk transfer market
would still be in the doldrums. CDS provide a

link between risk and return in credit. They also

° This is useful, for example, to a senior tranche holder who is short correlation and hopes that correlation will decrease, and to a junior
tranche holder who is long correlation and hopes that correlation will increase.
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Relative value opportunities
before and after CDS

Source:
Adapted from Lehman Brothers

connect the liabilities of an issuer’s capital
structure, as convertible arbitrage and capital
structure arbitrage players can more cleanly

hedge and trade their exposures.

Figure 7 illustrates how CDS have extended

the possibilities for asset managers and arbi-
trageurs by providing more opportunities and
“stronger” arbitrage capabilities, with the
increased ability to short credit. This means
that CDS are critical to efficient risk transfer and
provide the missing link between items on the

capital structure of a company.

CDS continue to grow in popularity. However,
CDS must be handled with care. A complete
understanding of the potential concerns must

be considered before making use of them.

INSIGHTS

Health Warning

Caution: Using CDS in credit asset management

may damage your financial health.

CDS contain hidden traps that the user must
be aware of. These can be divided into three

specific areas:

» Liquidity: the 5-year maturity (followed by
the 1-, 3- and 10-year) is the most liquid and
offers a great deal of market depth. However,
the market does not yet actively trade off-
the-run maturities’. This means that a man-
ager may not easily find a buyer for a 6-
month-old 5-year CDS.

= Counterparty: generally, the quality of the
counterparty to the CDS is better than the

Credit Default

RWETH]
Credit
__\_/‘_’Et_'l_'f)_’__ Bond Options
Default Swaptions

Preferred
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t e Subordinated
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B.C. (Before CDS)

------- A.D. (After default swaps)

7 Although there is a growing amount of liquidity surrounding the so-called convert dates or event dates related to convertible bond

arbitrage.



quality of the CDS reference credit. However,
this does not mean that the CDS counterparty
cannot default. Contagion is a vital part of
the CDS equation, especially for CDS on
Financials. The knock-on effect of a large
financial default will resonate through all
brokers and dealers. Further many counter-
parties require extensive collateral arrange-
ments, which can involve extensive time and

paperwork.

» Documentation: since ISDA released its latest
“Master agreement” many of the issues
associated with settling and transacting CDS
have disappeared. However, it is still possible
(mainly for a European reference credit) that
a technical default, such as restructuring of
debt, could trigger a payout on the CDS but
not on the underlying cash bonds. This leaves
the pricing of a CDS in a difficult situation
since many models do not distinguish

between technical and actual defaults.

Further, the master documentation provides
the protection seller with a delivery option
since CDS are based on classes of debt
rather than specific bonds. The delivery will
inevitably consist of cheapest-to-deliver
bonds (e.g. this could be the 20-year 0%
convertibles as illustrated in Nomura vs.
CSFB(2003)). This adds yet another level of
complexity to pricing and risk control of CDS.

These issues are important but not insurmount-
able. Most market participants agree that the
benefits of CDS far outweigh their drawbacks.
A growing number of credit asset managers
are using CDS in credit selection, hedging and

trading.

INSIGHTS

Summary

We have described five tactical applications
of CDS to asset management. CDS add a new
dimension to active trading in portfolios. They

provide liquidity and allow managers to match

risks to their strongest views. CDS returns come

with minimal additional risk: a balanced long-
short portfolio using CDS has a lower VaR than

a traditional long-only cash portfolio.

CDS can be used directly in investment process

or as overlays. Either way, they provide an effi-
cient tool to reposition an existing bond port-

folio—either short or long term—to reflect

changing risk requirements or to take advantage

of market opportunities.

Over the last few years, credit asset managers
have experienced a great deal of pain. How-
ever, the losses in cash credit portfolios could
have been reduced by better diversification. It
is the asymmetric return distribution in cash
credit that fundamentally limits the value that
portfolio managers can add. A manager can
escape these limits only by trading CDS based

instruments.

It is critical to understand the nuances and
potentials for loss before embarking on an
aggressive CDS trading strategy. However, the
information and opportunity provided by the
CDS market is increasingly vital to an asset

manager’s survival.

A key insight that should be taken from this
article is that credit managers need the right
tools to do their jobs. A manager relegated to

a traditional long-only cash portfolio faces an

uphill battle. €Y
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The Barra

Integrated Model:

Breakthroug
in Modeling Global Equity

|he Barra Integrated Model (BIM) is a major

breakthrough in modeling international risk
and return for both equity and fixed income
securities. BIM uses a revolutionary bottom-up
approach to modeling multinational equity risk
and return. Instead of applying the same glob-
al framework to every market, it relies on local
models specially calibrated for each market.
This approach identifies the drivers of asset
returns at the local level and then integrates
those drivers to arrive at a framework for global
risk analysis, providing an unprecedented level
of local depth and precision coupled with the

breadth of a global model.

Recognition of local factors in asset returns
allows BIM to better capture both similarities in
the behavior of securities within a market and
differences in security returns across markets.’
This contrasts with first-generation global equity
and cross-asset-class risk models, such as Barra's
global equity model (GEM), which assume that
individual equity returns are driven by the same
set of global factors. These factors include
country market indices, global industries, and
global style factors. Imposing a global industry

and style structure to capture returns across

markets ignores local influences in asset
returns, resulting in poor portfolio decisions

in today's economy.

BIM’s local approach, and its reliance on the
expertise that Barra research has developed
in each local market, allows asset managers to
integrate an unprecedented level of market-

specific precision into a global framework.

Bottom-up Risk Modeling: The Ability to
Capture Local Sources of Return

In a first-generation global equity model,
Microsoft's return is related to the US equity
market, a global software industry factor, and a
factor that is common to largecap firms globally.
Moreover, the correlation between Microsoft
and Toyota is driven by the correlation between
a US market index and a Japan market index,
the correlation between the global software
industry and the global automobile industry
once country effects have been removed, and
the correlation between largecap stocks once
country effects have been removed. Given the
top-down, country-first approach to global

investing, such a model provided both a

' For a full specification of the Barra Integrated Model (BIM) see Dan Stefek, “The Barra Integrated Model” (August 2002).

Available on http://www.barra.com/research.



reasonable and accurate approach to under-
standing the risk of global equity portfolios.
Moreover, the technological constraints on
computing memory and speed necessitated

a simplified structure as well.

Today, neither the computational constraints
nor the top-down approach to global investing
apply as they did in the last two decades. The
recent increase in cross-border investments,
the decline of trade barriers resulting from the
implementation of GATT and formation of the
WTO, and the emergence of more integrated
regions (as a result of the Monetary Union in
Europe, NAFTA in North America, and ASEAN
in Asia) has led global portfolio managers to a
more bottom-up investment process based on

firm, industry, and style characteristics.?

The higher explanatory power of the common
factors of BIMe is especially relevant when

investing in emerging markets.

Moreover, it is also increasingly clear that the
factors that influence equity returns differ across
countries. First, both the number of industries
and the number of firms in any given industry
differ substantially across developed and
emerging markets and even within the sets of
developed and emerging markets. For instance,
it would be difficult to find a significant mining
industry in Japan or Hong Kong. In contrast,
due to the importance of the mining industry
in the Australia model, the Global Industry

Classification Scheme (GICS) sector Materials

~
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is divided into three separate industries® that
better reflect the diversity and the importance
of the Australia Materials sector. Furthermore,
the same industries often have a widely different
composition across markets and, as a result,
characteristics of companies included in the
same global industry can be quite different
across countries. For example, the type of
companies that fall into the banking industry
is fairly well defined, and the banking industry
exists in every market. But what are the com-
monalities between a Geneva private bank
and a Brazilian regional bank making loans to
farmers and local businesses in the Mato

Grosso State?

Similar differences exist in style-related factors.
For example, equity returns in Thailand differ
systematically depending on the amount of
family control in the firm. This leads to a Family
Control Factor in Thai equities, whereas such a
factor need not exist in other markets. Another
example of such local drivers of equity returns
is the Redchip® index in Hong Kong. Thus we
clearly have local factors in each market that
represent purely local influences and that we

do not encounter at the global level.

Finally, the meaning of company fundamental
data and its availability varies widely across
markets because of different reporting require-
ments, accounting standards, and financing
practices. For example, a measure of firm size
is a common influence of equity returns across
markets. The way in which this size exposure is
computed, however, depends on local practices.

In most markets, the size exposure is based on

This change in the investment process is reflected in a decline in the dominance of country factors over industry or style

factors. For a further discussion see Cavaglia, Stefano, C. Brightman, and M. Aked, “The Increasing Importance of
Industry Factors”, Financial Analysts Journal, vol. 56, no. 5 (September/ October): 41-54.

w

The three industries are: Metals and Mining ex Gold, Gold, and Materials ex Metals and Mining. For more information

on the Australian model see “The Australia Equity Model, AUE3 Research Notes,” in the Client Support Library at

www.barra.com/support/library.

~

The Redchip factor distinguishes Hang Seng China affiliated corporations.

YILNIM e YILLITSMIN VHYVE IHL

roo0c

N
-



YILNIM e YILLITSMIN VIEIVE IHL

00

N
N

market capitalization, but for Japan one needs
to adjust this measure for cross holdings.

A local approach allows BIMe to capture and
estimate the style factors that are relevant to
each market and to take advantage of the spe-

cific insight of Barra’s research in each country.

Capturing Local Factors: An Increase in
Explanatory Power

Our discussion thus far clearly shows that BIM
better captures a priori differences in local mar-
ket structure by accounting for local factors in
asset returns. BIM integrates these local factor
models by imposing a global factor structure
on these local factors, thus decomposing local
factor returns into a global and a purely local
component. This allows us to account for local
and global common factors in a single frame-
work®. In contrast, a classic global model is only
able to capture global factors. As a result, the
explanatory power of the common factors
(local + global) is higher in BIMe® than in a

classic global model.

The higher explanatory power of the common
factors of BIMe is especially relevant when in-
vesting in emerging markets. Emerging markets
have a large number of specific characteristics,
are less integrated in the “Global Economy”,
and are therefore less sensitive to global style
and global industry factors. This is illustrated in
Figure 1, a “heat map"” showing the historical
correlations between MSCI indexes, where
each square’s color represents the intensity of

the correlation between two markets’.

There are two kinds of factors that are important

in capturing emerging markets specifics: country

INSIGHTS

factors (the local stock market index) and local
factors (that is, local industries and local style
factors). Figure 1 tells us that global factors
such as global industries or global styles will
have a limited impact in emerging markets.

A classic global model based on countries,
such as the Barra Global Equity Model (GEM)
will capture country factors well, but will not
be able to capture the local common factors.
On the other hand, the BIMe local approach
will be able to capture both the country factor

and the purely local factors.

Table 1 presents the predicted common factor
variance as a percentage of the total predicted
variance in Barra’s classic global model and in
BIMe for the month of May 2003. Independent
of the model used, we observe that common
factors explain more variance in emerging
markets than in developed markets, clearly
showing the importance of country factors and

purely local factors in emerging markets.

If we then compare percentages of common
factor variance across models, we can measure
the importance of local factors because BIMe
common factor variance will include those local

effects whereas a classic global model will not.

In developed markets BIM explains an addi-
tional 16.6%, which represents an increase of
45% when compared to GEM. The difference is
even more significant for emerging markets:
BIMe captures 74.3% of common factor variance
risk, which equals an increase of 55% over a
classic global model. This represents a change
of 26.5% for emerging markets, which shows that
the BIMe local approach is especially relevant

for emerging markets investment managers.

® A detailed discussion of the global structure is available in an expanded version of this article at
http://www.barra.com/accounts/default.aspx?url=products/pdfs/passport/breakthrough.pdf

® BIMe is the equity portion of the Barra Integrated Model.

7 Correlations were computed on MSCI country indexes fully hedged from a US dollar perspective. We used 100 monthly index returns

ending April 2003.



Figure 1

“Heat Map" of Historical
Correlations Between MSCI

Indexes

We see that there are many
more commonalities among
developed markets, where the
average correlation between
markets is 0.48, than among
emerging markets (average
correlation of 0.12) or among
emerging and developed where

the average correlation is 0.15.

Table 1

Predicted Common Factor
Variance as a Percentage of

Total Predicted Variance

Compare the percentage of risk
explained by common factors in
BIMe and the Global Equity Model
(GEM), estimated from a universe
of 39,282 assets as of May 2003.

INSIGHTS

Developed Markets

Asia Pacific
Developed

US, Canada

Asia Pacific
Emerging

Eastern Europe

Middle East,
Africa

South America

Average Correlations

Emerging Markets

Correlations

Developed Emerging = >0.75 0to 0.25
Developed 0.479 0.153 === 0.5100.75 mmm 0.25t0 0
Emerging 0.153 0.118 mem 0.25t0 0.5 mm < 0.25
Total Developed Emerging based on industries and style tilts in 26 emerg-
(%) Markets (%) Markets (%) . .
ing markets. We then looked at the proportion
BIMe 55.4 53.4 743 ) . .
of risk attributable to common factors in GEM
GEM 37.8 36.8 47.8 and in BIMe for each portfolio. On average, the
Difference : 9
(BIMo - GEM) 176 166 %5 GEM common factors explained 33.1% of the

The benefits of BIM over other current global
equity models are very clear when examining
actively managed portfolios in emerging

markets. We implemented 12 active strategies

total active risk while the BIMe common factors
explained as much as 68.2%. The increase of
35% demonstrates the added value of BIM's
local factors in an actively managed emerging

market portfolio.
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Percentage of portfolios where
BIM bias statistics are superior
to GEM

Model Performance: An Empirical
Comparison of Risk Prediction Accuracy

In order to demonstrate the improvement of
BIMe over a classic global model, we tested
risk predictions for over 100 active strategies
based on styles, industries, and random tilts.
These strategies were implemented in 50
countries and 10 regions. Each of the resulting
portfolios was benchmarked on its country or
regional index. This represents a total of approx-
imately 1,500 portfolios, for which we computed
total risk, tracking error, active common factor

risk, and active specific risk in each model.

We then computed bias statistics for each
portfolio in both models and looked at the
number of times BIMe under- or outperformed
our classic model in predicting risk. We per-
formed the bias tests based on the following
approach. We assume that every monthly return
is a separate random variable with its own stan-
dard deviation, and for each of these random
variables we have only one observation: the
actual monthly return. The data we need to
reconcile are the following:

= Time series of n predicted risk estimations:
0,,0,,0,...0,

= Time series of n realized returns: r,1,.1,...r,

0, is the predicted standard deviation of r,. If
0, is an accurate prediction of the true standard
deviation of r;, and if we divide r; by 0, we will
effectively normalize the return. The standard

deviation of a normalized return is one.

When BIM outperforms GEM
When GEM outperforms BIM

Tracking Error

Active Common
Factor Risk

When BIM outperforms GEM
When GEM outperforms BIM

When BIM outperforms GEM
When GEM outperforms BIM

Active Specific Risk

INSIGHTS

Now we have time a series {I}/crw,r2 /0,,r,/0;...
r./o, } that should have a constant volatility
equal to one. The standard deviation of this
time series is our bias statistic. Because of
sampling error the bias statistic will rarely
equal one, but it is a good measure of model
performance. The closer the bias test statistic
is to one the better the model’s performance.
If it is significantly below one, we are over-
predicting risk, and if it is significantly above

one we are under-predicting risk.

The following bias statistics analysis in Tables 2
and 3 is focused on the tracking error, the active
common factor risk and the active specific risk,
realizing that BIMe and the classic model per-

form very similarly at the total risk level.

When looking at total risk predictions, market
risk is by far the most important component.
Therefore a classic global model, which accu-
rately captures few broad factors, is able to

perform just as well as BIMe.

On the other hand, when it comes to predicting
tracking error, the risk coming from active bets
and security-specific returns will play a signifi-
cant role. Therefore we expect BIMe to thrive
and outperform for tracking error predictions
compared to our classic global model. In Tables
2 and 3 we can observe that BIMe indeed adds
significant value and precision for active risk
predictions and strongly outperforms the classic

model on a consistent basis.

Emerging All All
Markets Countries Regional Portfolios
0.38 0.28 0.17 0.27
0.10 0.09 0.09 0.09
0.22 0.18 0.20 0.18
0.12 0.11 0.11 0.1
0.70 0.59 0.58 0.59
0.10 0.13 0.09 0.12



Average bias statistic

absolute difference

Table 2 shows the percentage of portfolios
where BIMe bias statistics are superior than the
ones for GEM; that is, it shows the number of
portfolios expressed in percent for which the
risk forecast for BIMe was more accurate than
the risk forecast of our classic global model. For
example, looking at the tracking error bias sta-
tistics on emerging market portfolios, BIMe

outperforms GEM 75% of the time.

Emerging All
Markets Countries Regional
(%) (%) (%)

Tracking Error 75 79 61
Active Common
Factor Risk 86 66 59
Active
Specific Risk 92 94 91

Table 3 indicates the magnitude of the differ-
ence between the bias statistics when BIMe
outperformed GEM and vice versa. To illustrate
the numbers let us assume that BIMe's average
tracking error bias statistic for emerging mar-
kets in cases where it outperformed GEM was
0.90, a minor over-prediction of the predicted
tracking error versus the realized one. Based
on the absolute difference of 0.38 in the bias
statistic for emerging markets tracking error
prediction (see Table 2, first cell under
Emerging Markets) we can compute an aver-
age bias statistic of 0.90 + 0.38 = 1.28 for GEM,
a significant under-prediction of the realized

tracking error.

Looking at the active common factor and active
specific risk we can see another manifestation
of the consistent outperformance of BIMe. For
the 86% of the portfolios where BIMe performed
better than GEM in predicting active common
factor risk, the improvement is significantly
larger than in the 14% of the analyzed portfolios
where GEM outperforms BIMe (0.22 vs. 0.12).

INSIGHTS

BIMe's local approach also has a large positive
impact predicting specific risk. BIM takes
advantage of Barra’s locally estimated structur-
al specific risk models. Again, a local approach
coupled with the experience of the Barra
research department in developing tailored
specific risk models for each market noticeably
improves BIMe's specific risk predictions. The
improvements in specific risk accuracy between
the classic model and BIMe are extremely
impressive: more than 90% of the time BIMe
outperformed the classic model in predicting

active stock specific risk.

BIMe improvements are not limited to emerg-
ing markets. In all markets, the ability of BIMe
to capture local factors adds significant value,
and in nearly 80% of all the country portfolios
BIMe outperformed the classic model. In the
cases where the classic model outperformed
BIMe the improvement in the risk prediction is
small compared to the improvements brought
by BIMe, when BIMe outperformed the classic

model.

The difference between the classic model and
BIMe is less important for regional portfolios.
This is simply due to the diversification of
country-specific risk and asset-specific risk in

portfolios invested across several countries.

For well-balanced international portfolios, the
local-factor and asset-specific risk will be diver-
sified. In those cases, the classic model will be
able to provide an accurate risk prediction.
BIMe still outperforms in predicting the specific
risk of these regional portfolios but this has a
limited impact given the smaller importance of

specific risk in such portfolios.
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Conclusion

The key to BIMe superior risk forecasting
performance is its bottom-up approach that
uses local models tailored to each market.
This approach takes advantage of the market-
specific knowledge and expertise that the
Barra research department has developed in

more than 40 equity markets for nearly 30 years.

BIMe uses a structural model to integrate an un-
precedented level of market-specific information
into a global framework. As a result, BIMe brings
a new dimension to global equity modeling:
local factors. These local factors, which cannot
be captured by a classic global model, signifi-
cantly increase the explanatory power and
therefore the accuracy of the risk prediction.

In particular, BIM adds significant value for
forecasting tracking error, active common factor
risk, and stock-specific risk. The additional pre-
dictive power for specific and common factor
risk makes BIM an invaluable tool for risk man-

agement and portfolio construction decisions.

Appendix: Linking Local Market Factors
with a Structural Model

The Barra research department has developed
unprecedented experience during the last
three decades in developing single-market
models. BIMe now provides a robust and rigor-
ous way to link those local models in order to
obtain a global covariance matrix that offers

the precision of a local model.

The approach that first comes to mind when

trying to link the single-market models is to

INSIGHTS

simply calculate the historical correlation®

between all the local factors.

Although this approach is very simple to under-
stand, it requires capturing a large number of
correlations from history: the current version of
BIMe contains 507,031 cross-model correlations.
By computing so many historical correlations
we are bound to capture spurious relationships;
e.g., correlations that are due to circumstances
but not driven by a fundamental relationship.

In other words, we want to be able to distin-
guish a fundamental relationship, which is use-
ful in managing risk, from a circumstantial one
that is due to chance, and therefore likely to

disappear.

Instead of relying on past correlations, BIMe
uses a structural model based on global
factors to link local market factors ™. Similarly
to Barra single-market models, which use com-
mon factors to estimate correlations between
assets, BIMe uses global factors to estimate
correlations between local factors in different
markets. By computing correlations arising
from global factors (such as the global indus-
tries or country stock market performance), we
largely eliminate the occurrence of spurious

correlations.

Using the structural approach to capture the
relationship between the different local mar-
kets, we keep the accuracy of the local market
risk predictions, eliminate spurious correlations
between markets, and capture the significant
global factor correlations relevant to accurately

calculate the global portfolio risk. @

8 The covariance between two factors can be derived from the historical correlation between the two factors and the local

historical

model volatility of each factor. Cov(Slze Curoper Fmanc«alsus) = Ot yope Orinancitsus P Sie e, Financils

? Correlation observed in March 2003 BIMe correlation matrix.

O For more details, see Dan Stefek, The Barra Integrated Model, August 2002 (www.barra.com/products/pdfs/IntModel.pdf).
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Barra Integrated Model
ac Citigroup Asset
Management

n this article, we focus on the implementation
of the Barra Integrated Model (BIM) at Citigroup
Asset Management. When managing risk is a
crucial component of the investment process, a
key property of the model is its ability to provide
effective investment decision support for risk

management and portfolio construction.

In risk management, one size does not fit all.
For example, European portfolio managers
tend to consider the Eurozone a homogenous
region. For a European portfolio with an invest-
ment strategy based on industry selection,
decomposing risk into different Eurozone
countries is of no help. To match the manager’s
investment approach, an appropriate model
would decompose risk into integrated

European industries.

On the other hand, emerging markets, where
country-specific economic and political risk
make country factors more significant, many

investment decisions are made at the country

level, requiring a different risk and return

decomposition report.

Only when risk decomposition is flexible
enough to reflect the manager’s particular
investment approach—»be it driven by country
selection, style or sector allocation—will the
risk model become an integral part of the
investment process. To meet the diverse
requirements of investment managers, the
new Barra Integrated Model for Equities
(BIMe) provides unprecedented flexibility in

risk analysis.

Citigroup Asset Management was one of the
first firms to recognize the precision and flexi-
bility the new Barra Integrated Model brings to
the investment process. This article examines
how Citigroup Asset Management implement-
ed the Barra Integrated Model in its investment
process by grouping the more than 1,000 risk
factors into a small set of relevant investment

factors.

The views and opinions contained in this document were compiled by Barra and are current as of the date specified. Citigroup, its
affiliates and subsidiaries accept no liability whatsoever for any direct or consequential loss arising from the use of this document or its
content. There can be no guarantee that opinions expressed in this communication will prove to be correct. Contrary opinions exist and
may include those of economists and portfolio managers at Citigroup Asset Management, none of whom is required to act in accordance

with the views expressed herein.

Portfolio managers and research analysts may utilize some or all of the investment techniques and strategies described in this document,
however, these models may not be applied by all CAM professionals. Objectives of this model may not always be achieved.

While portfolio managers attempt to minimize risk in investment securities can not be eliminated. All investments involve possible loss

of principal amount invested.
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Risk decomposition in the Barra
Integrated Model (BIM) and the
Barra Global Equity Model (GEM)

About Citigroup Asset Management

Citigroup Asset Management' is the invest-
ment management arm of Citigroup Inc. With
US$495.4 billion in client assets under manage-
ment as of September 30, 2003, including $174.0
billion in institutional assets, it ranks among the
world's leading asset managers. A truly global
player, it has more than 200 portfolio managers
in 25 countries. Global risk management is a
key component of the company’s portfolio
management investment process. In fact, by
focusing equal attention on risk and return,
Citigroup Asset Management looks to deliver
consistently attractive returns over the long

term.

Given the diversity of its strategies, Citigroup
Asset Management needs risk decomposed
both in terms of global sectors and regions.
“Qur internal research, as well as external
research, points out the increasing importance
of sectors in analyzing global risk, but regions
remain important in analyzing our global risk,”

comments Mike Reifel, Vice President in the

APPLICATION

company’'s Quantitative Research Group, who
is responsible for research and implementation
of applications that measure investment risk for

Citigroup Asset Management portfolios.

To meet Citigroup Asset Management's risk
analysis needs, Barra leveraged BIMe's flexibility
by implementing two different customized risk
decompositions within Barra TotalRisk®: one
decomposes risk by regions, the other by global
sectors and styles. To illustrate the advantages
BIMe offers in analyzing international equity
portfolio risk, we analyze the risk of one of
Citigroup Asset Management's model portfolios
according to BIMe's new framework, comparing

it to classical global risk decomposition.

Analyzing a Citigroup Asset Management
Portfolio

The example shown in Table 1 uses a model
portfolio designed for Citigroup Asset
Management private banking clients. This
global portfolio is managed against the MSCI
All World Index and invests in both emerging

Portfolio Benchmark Tracking
Total Risk (%) Total Risk (%) Error (%)
BIM GEM BIM GEM BIM GEM
Specific Risk 2.87 3.90 1.12 172 2.56 343
Common Factor Risk 15.67 15.48 15.67 15.45 3.23 2.61
Total Risk (Common Factor and Specific) 15.93 15.97 15.71 15.54 412 4.30
Portfolio Risk Benchmark Risk Tracking Error

Decomposition (%)

BIM
Specific Risk 3.23
Common Factor Risk 96.77
Total Risk (Common Factor and Specific) 100.00

Decomposition (%) Decomposition (%)

GEM BIM GEM BIM GEM
5.96 0.56 1.22 38.36 63.35
94.04 99.44 98.78 61.64 36.65
100.00 100.00  100.00 100.00  100.00

! The investment services of Citigroup Asset Management are provided by Salomon Brothers Asset Management Inc., Smith Barney
Asset Management (a division of Citigroup Global Markets Inc.), Citibank Global Asset Management (a unit of Citibank, N.A. and
Citibank International plc), Citigroup Asset Management Limited and affiliated advisory entities.



and developed markets. The portfolio is
allowed to take on substantial tracking error
risk (with an upper limit of 5%) in an effort to
significantly outperform the benchmark. We
performed risk decompositions of the portfolio
using both BIMe and Barra’s classic Global
Equity Model (GEM).

“The flexibility of the BIMe risk decomposition
allows us to adapt the risk management practice to

the investment processes that are already in place.”

Portfolio total risk and total common factor risk
are similar in both models, but stock specific
risk is significantly lower in BIMe. By classifying
purely local factor risk as security specific risk,
GEM overestimates specific risk.? Within the
total risk of a well-diversified international
portfolio, the impact of the improved common
factor and stock specific risk prediction is limited

by local factor risk diversification.

When we decompose benchmark risk, the
same pattern emerges: total risk and total
common factor risk are very similar. Specific risk
is much smaller in BIMe, although both models
project that specific risk is negligible in total
space and that almost all the risk is captured

by the common factor risk.

Looking at tracking error risk decomposition,
we see that the split between common factor
risk and specific risk is very different in the two
models. Because of its increased precision at
the local level, BIMe is better able to capture
common factor risk and relies less on specific
risk models to explain variations not captured

by common factors. As a result, BIMe captures

APPLICATION

more than 61% of the tracking error with its
global and purely local factors, while GEM
attributes almost two-thirds of the tracking
error to specific risk. As specific risk is assumed
to be diversifiable, GEM predicts that this risk
could be substantially reduced by adding more
assets to the portfolio. As BIMe correctly shows,
however, a large part of this risk is actually due
to local common factors, and will not be diver-
sified away unless the diversification occurs
across common factors. Thus, the two models
have very different implications for risk man-

agement.

Risk Decomposition Along Different
Dimensions

To monitor the different sources of risk, a
manager must be able to decompose risk
along the dimensions or investment factors
relevant to Citigroup Asset Management's
investment approach. According to Mr. Reifel,
"The flexibility of the BIMe risk decomposition
allows us to adapt the risk management
practice to the investment processes that are
already in place.” Recent empirical evidence
shows no absolute dominance of industries or
countries in understanding and analyzing inter-
national asset returns. In light of this evidence,
Citigroup Asset Management exploits the
flexibility of BIMe to produce two different risk
decompositions: one based on sector and style
investment factors (Figure 1), the other on

regions (Figure 2).

In the first risk decomposition Citigroup Asset
Management analyzes global sector risk by
mapping the local industry factors to global
sectors that correspond to the MSCI Global

? See "The Barra Integrated Model, a Breakthrough in Modeling Global Equity,” for a discussion of local factor risk and the limitations

of classic global equity models in capturing it.
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Citigroup Asset Management
risk decomposition by sector

and style

Citigroup Asset Management

risk decomposition by region

APPLICATION

Common
Factor Risk

European
Countries

Decompositon
into 14 Global Styles

Decomposition into
MSCI Global Sectors

— Value — Variability in Markets — Energy
— Size — Earning Variability — Materials
— Growth — External Factors — Media
— Yield — Financial Leverage — Industrials
— Liquidity — Market Sensitivity — Consumer Discretionary
— Momentum — Non-estimation Universe — Consumer Staples
- Index Flag — Miscellaneous — Health Care
— Financials

— Information Technology
— Telecommunications

— Utilities

Common
Factor Risk

Emerging
Markets

North United Pacific

America Kingdom

United

ex-Japan

NOTE: Each region is further broken
down into sectors and styles.




Industry Classification Standard (GICS). Global
style risk is analyzed by mapping the local
Barra risk indices into 14 global investment
styles (see Appendix). In the second risk
decomposition, to align with its investment
management process, Citigroup Asset
Management chose to first decompose risk
into regions and countries and then into

industries and styles within each country.

Figure 3 shows the model portfolio risk
decomposition based on sector and style
factor groupings.® The portfolio has a tracking
error of 4.12%, indicating an active strategy

within the tracking error limit of 5%.

Decomposition of the tracking error reveals
that 38% of the risk relative to the benchmark
comes from specific asset selection while 62%
comes from common factors. Currency risk
relative to the benchmark contributes only 3%
to the overall tracking error. Decomposition of
style and sector investment factors shows that
sectors are the dominant contributor to tracking
error and that within sectors, the materials
sector accounts for roughly 50% of total sector

variance.

Digging deeper, we find that South Korea’s
materials sector is the biggest contributor to
active risk. Furthermore, within the Korean
materials sector, the iron and steel industry is
the dominant risk contributor. Finally, looking
at the portfolio holdings, we identify the
Korean asset that contributes most to portfolio
tracking error: Posco (the world's third largest

steel maker).

Understanding risk from the most general

level down to the single security level allows

APPLICATION

Citigroup Asset Management to integrate risk
measurement and management into its invest-
ment process. The company uses a bottom-up
investment approach based on fundamental,
stock-specific research. Understanding how
much risk a single stock bet contributes to the
local industry, global sector or overall tracking
error allows Citigroup Asset Management to
quantify the risk-adjusted performance of any

single investment.

Regional decomposition of the model portfolio
(shown in Figure 4) indicates that emerging
markets contribute most to risk, 34% of the
total variance, followed by the US, UK and
Europe ex-UK.

Drilling down into the 33 markets classified by
Citigroup Asset Management as emerging, we
can identify which markets contribute most to
portfolio tracking error. We find that Korea
contributes 88% of the total emerging markets
risk. Drilling deeper into the Korean market, we
see that most of the risk comes from industry
risk. The industry risk can again largely be
explained by exposure to iron and steel.
Finally, looking at the portfolio holdings, we
again find that Posco is the Korean asset that

contributes most to total portfolio risk.

In this second risk decomposition, BIMe again
starts from a worldwide tracking error, integrat-
ing 1,070 common factors*® in 42 single markets
to identify and focus on the risk of regions,
countries, industries within countries, and then,
within local markets, which stocks contribute

most to portfolio tracking error.

3 Duetoa negative covariance with other industries in the Korean materials sector (in particular, chemicals, nonferrous metals and
rubber), the Korean iron and steel industry contributes more to tracking error than the whole Korean material sector.

* Including 46 currency factors.
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Tracking Error

Specific Risk
2.55%
% of Total Variance: 38.36%

Common Factor
3.23%

% of Total Variance: 61.64%

Equity Common Factor Risk Currency Risk

0.69%

% of Total Variance: 65.30% % of Total Variance: 2.80%

Equity Style Risk
Active Risk: 1.75%
% of Total Variance: 18.18%

Equity Sectors Risk
Active Risk: 2.76%
% of Total Variance: 44.98%

Main Contributor:
Materials Sectors
Active Risk: 1.97%

% of Total Variance: 22.81%

Main Contributor:
Korean Materials Sector
Active Risk: 1.41%

% of Total Variance: 11.70%

Main Industry Contributor:
Korean Iron and Steel Industry
Active Risk: 1.42%

% of Total Variance: 11.95%




APPLICATION

Tracking Error
4.12%

Specific Risk Common Factor
2.55% 3.23%
% of Total Variance: 38.36% % of Total Variance: 61.64%

Equity Common Factor Risk

Currency Risk
3.33% 0.69%
% of Total Variance: 65.30% % of Total Variance: 2.80%
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North America
Active Risk: 1.63%
% of Total Variance: 15.67%

Europe ex-UK
Active Risk: 1.37%
% of Total Variance: 11.13%

United Kingdom
Active Risk: 1.55%
% of Total Variance: 14.20%

Emerging Markets
Active Risk: 2.39%
% of Total Variance: 33.73%

Pacific ex-Japan
Active Risk: 0.48%
% of Total Variance: 1.34%

NETED]
Active Risk: 1.55%
% of Total Variance: 14.25%

Main Contributor: Korea
Active Risk: 2.25%
% of Total Variance: 29.82%

Korean Industries

Main Industry
Contributor:
Iron and Steel Industry
Active Risk: 1.42%
% of Total Variance: 11.95%
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Conclusion

For Citigroup Asset Management, region and
sector-based approaches are complementary
decompositions of risk. “We look at portfolios
from both perspectives for all portfolios. For
areas such as continental Europe, we give
more importance to the sector-based risk
decomposition, and for markets with high
specificities, such as emerging-markets, we pay
a lot of attention to the country risk,” explains

Mike Reifel of Citigroup Asset Management.

Both risk decomposition approaches produce
identical tracking error, common factor risk and
specific risk. Both methods identify the same
stocks contributing most to the tracking error.
The difference is in the way the common factor
risk is mapped into investment factors. Depend-
ing on the type of portfolio and the type of
investment factors relevant for the portfolio
manager, the Citigroup Asset Management
Quantitative Research Group offers a sector

and style or region based decomposition.

The two implemented risk decomposition

structures are examples that fit Citigroup Asset

2

GWorIdwide Value factors

=XUSE3,Va/ue XEUEZ,Va/ue - X

@

JPE3,Value

APPLICATION

Management's investment approach, but the
flexibility of BIMe allows every firm and manager
to map the Barra risk factors into a smaller set
of investment factors relevant to the decision-

making process in place.

Appendix: Investment Factor
Decomposition by Sector and Style

The Level | MSCI GICS identifies 10 sectors,
while Citigroup Asset Management designates
14 relevant investment styles. The risk for the
10 global sectors is calculated by mapping the
large number of local industries into each global
sector; the risk for each global investment style
is calculated by mapping the individual local
country risk factors into the 14 global investment
factors. They are therefore not risk factors but
investment factors aligned with the investment

process in place.

For example, the risk from exposure to value
at the global level is a combination of the risk
coming from each local value risk index (see
Equation 1), where x represents the exposure

of the portfolio to the local value risk index.

Matrix of XUsE3, Value
Variances and XEUE2, Value
Covariances of

Value Factors X JpE3 Value




Barra

PUBLICATIONS

Recent
Publications

V\/e present this partial listing of research

papers, articles and books published during
the last quarter. To access the complete Barra
Research Database online, please log on to

www.barra.com/research.

Multi-Asset Class:
Risk Modeling and Measurement

KEHR, Carl-Heinrich

" Assetklassentbergreifende Risikomessung”,
Hubert Dichtl/Jochen M. Kleeberg/Christian
Schlenger, Handbuch Asset Allocation,
Innovative Konzepte zur systematischen
Portfolioplanung, Uhlenbruch Verlag, Bad
Soden/Ts., 2003, pp. 415-438.

STEFEK, Dan
“The Barra Integrated Model,” Barra Research
Insights, 2002.

RUDD, Andrew and SHEIKH, Aamir M.
"The Business Case for Enterprise-Wide Risk
Management,” Barra Research Insights, 2002.

Equity: Risk Modeling and Reporting

THILGES, Brad
"Spending the Risk Budget Wisely”, Barra
Newsletter, Spring 2003.

Equity: Investing

CASHION, Daniel and HANDA, Rohtas
“Long-Short Equity Investing,” Barra
Newsletter, Spring 2002.

KEHR, Carl-Heinrich

"Marginale Risikobeitrdge zur Steuerung

von Wertpapierportfolios”, Jochen M.
Kleeberg/Heinz Rehkugler, Handbuch
Portfoliomanagement, 2nd edition, Uhlenbruch
Verlag, Bad Soden/Ts., 2002, pp. 63-87.

Equity: Performance Measurement and
Attribution

GILFEDDER, Neil and ZHELEZNYAK, Alexander
“Performance Attribution Using Daily Data,”
Barra Newsletter, Fall 2003.

LAKER, Damien
"Karnosky Singer Attribution: A Worked
Example,” Barra Research Insights, 2003.

LAKER, Damien
“Fundamentals of Performance Attribution:
Implementation Considerations,” Barra

Research Insights, 2003.

LAKER, Damien
“Fundamentals of Performance Attribution:
Stock Selection and Interaction,” Barra

Research Insights, 2003.
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Fixed Income: Risk Modeling

BREGER, Ludovic

"Fixed Income Risk Modeling for Portfolio
Managers,” Handbook of European Securities
(chapter), Summer 2003; and Professional
Perspectives on Fixed Income Portfolio

Management (chapter), August 2003.

GOLDBERG, Lisa and KERCHEVAL, Alec and
ANDERSON, Greg and MILLER, Guy
"Forecasting Total Risk”, Barra Fixed Income
Research Working Paper, 2003.

Fixed Income: Credit Risk

BACKSHALL, Tim
"Six Steps to Better Credit Returns”, Barra
Newsletter, Autumn 2003.

BREGER, Ludovic and GOLDBERG, Lisa and
CHEYETTE, Oren

“"The Barra Credit Series: Market Implied
Ratings,” Barra Research Insights, 2003.

BREGER, Ludovic and GOLDBERG, Lisa and
CHEYETTE, Oren
"Market Implied Ratings”, RISK, July 2003.

CHEYETTE, Oren and TOMAICH, Tim
"Empirical Credit Risk”, Barra Research
Insights, 2003.

GIESEKE, Kay
“The Barra Credit Series: Credit Risk Modeling
and Valuation: An Introduction,” Barra

Research Insights, 2003.

GIESEKE, Kay
“The Barra Credit Series: Default and

Information,” Barra Research Insights, 2003.

GIESEKE, Kay and GOLDBERG, Lisa
"The Market Price of Credit Risk”, Barra Fixed
Income Research Working Paper, 2003.

PUBLICATIONS

GOLDBERG, Lisa
“Investing in Credit: How Good is Your

Information”, RISK, December 2003.

GOLDBERG, Lisa
Review of “Credit Risk” by Darrell Duffie and
Ken Singleton, Journal of Investment

Management, Fall 2003

KERCHEVAL, Alex and GOLDBERG, Lisa and
BREGER, Ludovic

“"Modeling Credit Risk: Currency Dependence
in Global Credit Markets,” The Journal of
Portfolio Management, Winter 2003. 0
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I \moebas reproduce asexually by splitting

into identical copies of themselves. Each gener-
ation represents one time period. In one time
period, every amoeba independently has a 50%
chance of splitting into two and a 50% chance
of dying.

» Let generation 0 consist of 1 amoeba. What

is the chance of having amoebas alive at
generation 27

» What is the probability p(t) of having at least
1 amoeba alive at time t? It would suffice to
give a recursive formula for p(t) in terms of
p(t-1).

= What is the probability that the amoebas’
progeny exist forever?

After some genetic “improvement”, a new
species of amoeba is more successful at repro-
ducing, and now has an 80% chance of splitting
into two and a 20% chance of dying in one time
period.

» What is the probability of having 1 amoeba

alive at time tin this case? Again, a recursive
formula would suffice.

= What is the probability that these amoebas’
descendents exist forever?

If instead there are equal probabilities (33%)
that an amoeba will split, die, or stay the same,
then what is the probability that these amoeba’s

descendents exist forever?

BRAINTEASER

N

easer

In nature there is a tendency to maximize the
"fitness” of genes. Taken to its logical conclu-
sion, this could lead to some interesting adap-

tations not beneficial to the “individual”.

For example, all other things being equal, a
sacrificial gene that caused me to die in order
to save at least two of my siblings from certain
death should theoretically thrive in a population,
since each of my siblings have a 50% chance of
sharing that gene, so on average my death has
saved at least another copy of that gene for

future generations.

Based on this reasoning, and all other factors
remaining equal:

= How many first cousins should | sacrifice
myself for?

= How many second cousins?
» How many half siblings?
= How many step siblings?

= How many identical twins?

Some animals which are very strongly related,
such as soldier ants, do display true sacrificial
behavior on behalf of their colony. Ant nests
tend to have one mature female queen, who
made one mating flight when young and stored
the sperms from one male for the rest of her

life. Some of her eggs are fertilized, and
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become female ants, with potential to develop
into soldiers, workers etc, or even new queens.
They have two sets of chromosomes. The rest

are left unfertilized and develop into male ants
with only a single set of chromosomes, and no
“father”. This leads to each sperm of the male
being identical, containing this one set of

chromosomes.

Based on this, and if we define “relatedness”
as the chances that a gene from organism A
exists in organism B, then the male is 100%
related to his mother, but the mother (queen)

is only 50% related to her son.
= How related is a daughter to her mother?
» How related is a mother to her daughter?

» How related are two sisters (each daughters
of the queen)?

Brainteaser from Last Issue

This time, the brainteaser takes a trip back in
time to railroad construction in the days before
the telegraph. Our hero, Ivan I'Deer, at Ye Olde
Investment Company is investing in railroad

stocks.

He has noticed that stock prices are responsive
to progress in track laying and that he can profit
if he can get reliable updates earlier than other

investors.

As a student of history, lvan proposes to use
carrier pigeons to provide updates from his
man on the scene. Since speed is of the
essence and each pigeon needs to travel as
light as possible, the updates are limited to
a one word message, "good” or “bad”, to

indicate progress over the previous week.

Unfortunately, Ivan also has two rival investors,
Klunk and Zilly, who have their own more devi-
ous strategies. These involve using a wide array

of seeds, spicy treats and stuffed decoys to
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tempt his pigeons into a short diversion. If they
successfully intercept a pigeon, they will feed it
and use the information themselves. They will
also change the message from “good” to
"bad”, or vice versa, to mislead lvan, and each
other, before sending it on its way. Each
pigeon may be intercepted at most once each
by either Klunk or Zilly before arriving at Ivan’s

office.

If at any point, it is equally likely that any of

the three investors can intercept a pigeon, and
lvan requires the correct information 60% of the
time for profitability, is it worthwhile for him to

invest in a fleet of carrier pigeons?

Going ahead with his plan in the meantime,
lvan decides to send 24 carrier pigeons along
the partially completed railroad to his repre-
sentative. State of the art standards in pigeon
welfare mean that each pigeon should be
transported in a rectangular carton 12 inches
tall with horizontal dimensions no smaller than
15 x 9 inches. The standard carrying container
on this railroad has internal dimensions of 57 x
57 x 57 inches, but to allow adequate ventilation,
only one layer of cartons can be placed in each

container.

To maximise his profit, lvan would prefer to

pack all the pigeon cartons into one container.
He thinks it is possible, but does not know the
layout. Can you help him combine profitability

with avian welfare?

Finally, Mr I'Deer would like to reassure readers
that no pigeons were harmed during production
of this brainteaser. He will also ensure that the

prize has not been inspected by his pigeons.

Solution

In the last brainteaser, we pondered the plight
of lvan I'Deer, an investor in railroad stocks.

Having observed that the progress of laying



Table 1

Possible combination of pigeons’

interception en route to Ivan

track directly affected railroad stock prices, lvan
was considering using carrier pigeons to relay
weekly progress reports from his representative

at the work site.

The question of whether it is worthwhile for
lvan to invest in a fleet of carrier pigeons,
knowing that his rivals Klunk and Zilly will
attempt to intercept the pigeons, is a relatively
straightforward random sampling question. In
order for Ivan’s investment in pigeons to be
profitable, he requires the correct information

at least 60% of the time.

lvan receives accurate information in two cases:
when the pigeon flies directly to him, and when
the pigeon has visited both Klunk and Zilly. He
receives inaccurate information when either

Klunk or Zilly intercepts the pigeon.

The first case, in which the pigeon flies directly
to Ilvan, happens with a probability of 1/3.

The second case can happen in either of two
ways, each of which occurs with a probability of
1/3 x 1/2 = 1/6. Since Ivan has a probability of
2/3 that his information is accurate, his strategy
is profitable. The possible combinations are

summarized in Table 1.

The second question concerns the process of
shipping 24 pigeons to Ivan's representative
along the partially completed railroad line.
While at first glance this problem appears to
be a relatively simple packing problem in two
dimensions, this sort of problem can often be
deceptively tricky to solve. Fortunately for us,

and Ivan, there are a number of simple steps

Starting Point Interceptions en route

Ivan’s representative

Ivan's representative Klunk
Ivan’s representative Zilly
Ivan’s representative Klunk Zilly

Ivan’s representative Zilly Klunk
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we can take which make solving this particular

problem quite easy.

Qur first step is to confirm that the minimum
area required by 24 cartons that each measure
15 x 9 inches is less than the area of the freight
container (57 x 57 inches). Since the cartons
would occupy 3,240 square inches and the
container is 3,249 square inches, there should

be enough space, with 9 square inches left over.

Of course, this doesn't guarantee that a packing
exists, as anyone who has ever tried to fit 2
3 x 3-inch squares into a 5 x 5-inch container

can confirm!

Our next step is to rescale the cartons and
containers by dividing all dimensions by 3. This
makes our problem equivalent to fitting 24

5 x 3-inch cartons into a 19 x 19-inch container.
In this form, we have 1 squared unit of space

left over after packing all the cartons.

There are an infinite number of ways to place
each carton, so let us reduce the problem
somewhat. If we only pack cartons parallel to
the sides of the container, we can consider
two arrangements equivalent if we can move
each carton toward the nearest corner of the
container, so that there is no free movement
toward the edges of the container and not
enough space is created in the center of the
container to add another carton. We can see

this more clearly in Figures 1 and 2.

Figure 1 shows space above and to the left of
the carton. If we shift the cartons upward and

leftward (Figure 2), the only way the packing

Destination Accuracy Level Probability
Ivan Accurate 1/3
Ivan Inaccurate 1/6
Ivan Inaccurate 1/6
Ivan Accurate 1/6
Ivan Accurate 1/6
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